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For multi-agent systems with missing iteration batches and randomly varying lengths, a data-driven adaptive iterative
learning control strategy based on neural networks is proposed. Considering the situation where the iteration batches of
the system vary randomly with the number of iterations, first, an iterative batch missing fault model that follows a random
probability distribution is designed. Secondly, based on the radial basis function neural network method, a novel data-
driven adaptive iterative learning consistency control algorithm is proposed. The stability analysis of the system is strictly
performed using the Lyapunov function, and the sufficient conditions for consistency of multi-agent systems are derived
through relevant mathematical derivations. This enables multi-agent systems to achieve state consistency even when there
are missing faults in the iterative batches. Finally, the feasibility of the algorithm is verified through numerical simulations
in a multi-agent system.
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1. Introduction
Multi-agent systems are composed of multiple auto-
nomous agents, which are capable of interacting with
each other (Zhang and Li, 2024). With the rapid
development of computer communication technology,
researchers have extended the concept of a single-agent to
a multi-agent system, focusing on the communication and
collaboration between agents to enhance work efficiency
and performance in addressing complex real-world
problems (Wang et al., 2016). In the past few decades,
the problem of collaborative control in multi-agent
systems has received significant attention in various
fields, including robotic control systems, unmanned
aerial vehicle systems, and autonomous driving systems
(Postoyan et al., 2015; Dong et al., 2016; Gao et al., 2018;
Xie et al., 2018; Li and Gao, 2018). The core challenge
of collaborative control lies in achieving consensus, that
is, designing appropriate control strategies to ensure that
the output states of multiple agents ultimately achieve
synchronization in control.
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With the growing demands in production as well
as the increasing complexity and diversity of industrial
environments, significant challenges have emerged for
multi-agent systems. To address them, a considerable
body of research has been devoted to studying multi-agent
systems under various complex and dynamic conditions.
In the work of Xiao et al. (2023), the impact of multiple
uncertainties on nonlinear stochastic multi-agent systems
is considered, and a novel continuous fully distributed
consensus control protocol is designed. In the paper by
Zhang et al. (2024b), an impulsive consensus protocol
is employed to investigate the consensus problem of
a Lipschitz multi-agent system under deception attacks
and random disturbances. Rehan et al. (2018) employ
relative state feedback to address the consensus problem
of a multi-agent system under amplitude-bounded
disturbances and communication topology switching. A
convex cooperative control scheme based on graph theory
for a multiagent system of differential mobile robots in a
leader–follower formation is proposed by López-Estrada
et al. (2024). The convergence of the controller is
guaranteed by a non-quadratic Lyapunov function, and the
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distributed consensus of the followers is achieved.
Iterative learning control is an important branch

of learning control and represents a novel strategy.
It controls the system through an initial control law
and then compares the error between the output and
the desired trajectory to adjust the control signal,
thereby improving the system’s tracking performance
(Fu et al., 2017). Lv et al. (2024) propose a novel
robust distributed localization estimation algorithm based
on iterative learning, which investigates the real-time
localization problem of a dynamic multi-agent system
with measurement and communication noise under a
directed graph. In the work of Zhang et al. (2024a),
a control input compensation scheme based on iterative
learning control is proposed for a nonlinear multi-agent
system with quantization and arbitrary initial states.
Wu et al. (2023) design a distributed P-type iterative
learning consensus control protocol based on network
topology information and nearest-neighbor knowledge to
address the consensus control problem of a nonlinear
pulse distributed parameter multi-agent system with
time-dependent dynamic behavior. In the work of Peng
et al. (2024), the consensus learning control problem of
a nonlinear multi-agent system under false data injection
(FDI) attacks is studied, effectively reducing the impact of
the latter. Jiaqi et al. (2018) consider the iterative learning
consensus tracking problem of a nonlinear multi-agent
system under data transmission loss. All this highlights
why the use of iterative learning control algorithms
to study multi-agent system consensus is the primary
motivation of this paper.

However, the exploration of multi-agent systems
with unknown dynamic models has been limited. It
is well known that, for increasingly complex industrial
processes and highly precise equipment, obtaining
the dynamic model of the controlled system using
traditional system identification methods faces significant
challenges. Fortunately, a model-free adaptive control
strategy framework has been proposed by some scholars.
It designs the controller using only the input-output
data of the controlled system (Hou et al., 2017). Bu
et al. (2019) propose a distributed model-free adaptive
iterative learning control (MFAILC) method for a class
of unknown nonlinear multi-agent systems to achieve
consensus tracking. In the work of Liu and Hou
(2023), a novel model-free adaptive iterative learning
control scheme for the constrained control problem of
unknown heterogeneous nonlinear multi-agent systems
with bounded measurable and unmeasurable disturbances
is introduced. Jinli et al. (2023) propose a model-free
adaptive iterative learning control (MFAILC) algorithm,
which investigates the finite-time convergence tracking
control problem of a multi-agent system under periodic
denial-of-service (DoS) attacks. Therefore, model-free
iterative learning control, which only considers the

system’s input-output data, is the other motivation of this
paper.

In iterative learning control, the stochastic variation
of the iterative batch itself refers to the randomness in
the occurrence or sequence of the batches. This includes
phenomena such as randomly varying iteration lengths
(where the duration of each trial differs stochastically),
random trial skipping, or the stochastic absence of
certain batch processes, which means the index of the
effective iteration is no longer deterministic but follows
a certain random distribution. Such stochastic variations
can affect the convergence and tracking performance
of ILC; therefore, in practical applications, robust ILC,
stochastic ILC, or adaptive methods are often required
to ensure system stability and learning efficacy. The
aforementioned studies all focus on iterative learning
under the assumption of complete iteration batch lengths.
When the duration of each iteration varies randomly,
maintaining tracking performance becomes a key focus
of research. Shen et al. (2016) introduce an iterative
learning control (ILC) method for discrete-time affine
nonlinear systems with random iteration length variations.
In the work of Li et al. (2014), an ILC scheme
using an iterative averaging operator is proposed, which
investigates discrete-time linear systems where the trial
period length may vary randomly during the iteration
process. A few researchers have also considered the case
of varying iteration batches in multi-agent systems. Liang
et al. (2019) studied the distributed iterative learning
control of a nonlinear discrete multi-agent system with
randomly varying iteration lengths . It is evident that
research on the possible occurrence of random iteration
batch variations in multi-agent system iterative learning
control is scarce, and only traditional iterative learning
control methods have been considered.

Based on the above research, a model-free adaptive
iterative learning control strategy is proposed in this paper,
considering the random variation of iteration time lengths
in multi-agent system iterative learning. Additionally, the
pseudo-partial derivatives are estimated online using the
RBF neural network. The main contributions of this paper
are as follows:

1. A model-free iterative learning control method is
used, where the control input relies solely on the
system’s input-output data for consensus control.

2. Considering the random variation of iteration batch
lengths, a probabilistic mechanism is introduced,
which ensures that the iteration time length of the
multi-agent system differs in each iteration.

3. To address the instability caused by the random
variation of iteration batches, an RBF neural network
is used to estimate the pseudo-partial derivatives
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online, enabling the system to achieve convergence
more effectively and quickly.

This innovation ensures that the system can maintain
good robustness in complex and dynamic real-world
engineering applications, providing a new approach
to addressing the consensus problem of a multi-agent
system in complex dynamic environments. Finally,
the effectiveness of the algorithm is validated through
numerical simulations.

2. Preliminaries and problem formulation
2.1. Graph theory. In the study, graph theory is
utilized to describe the network communication topology
among agents in a multi-agent system. Each agent in
the system is considered to be a node, and thus the set
of all agents can be represented as a node set V =
{1, 2, · · · , N}. The set of edges between nodes is denoted
by ε = V × V . The communication between nodes
can be described using the weighted adjacency matrix
A = (aij) ∈ Rn×n. The weights can represent the
influence of the information.

The three parts above constitute G = {V, ε, A},
representing the communication topology of a multi-agent
system. In the adjacency matrix A = (aij) ∈ RN×N ,
where i and j represent two different nodes. The set
of neighboring nodes of the i-th node can be denoted
using Ni = {j ∈ V : (i, j) ∈ ε, i �= j}. If
aij = 0 exists, it represents (i, j) /∈ ε, indicating that
there is no communication relationship between node i
and node j. If the topology graph is undirected, both
(i, j) ∈ ε and (j, i) ∈ ε exist. Otherwise, the topology
graph is a directed one. In graph theory, the Laplacian
matrix is important for analyzing the topology graph
G and is defined as follows: L = D − A, where
D = diag(d1, d2, · · · , dn) is the in-degree matrix of
the topological structure, and the in-degree of node i
is defined as di =

∑n
j=1 aij . Leaders can be one or

multiple individuals. Let the set of nodes representing
the leaders be denoted by V = V ∪ {v0}, and let S =
diag{s1, s2, · · · sN}.

2.2. Iteration batch missing fault. In practical
system operation, due to the uncertainty of the external
environment, partial missing data in each agent’s iteration
batch may occur during a single learning iteration,
meaning the iteration batch lengths may not be the same.
The actual iteration batch length Tk is varied randomly
with each iteration. Tmin represents the minimum
length of the iteration batch, and the length of each
iteration batch varies randomly within the discrete interval
{Tmin, . . . Tmax}. For the control input update, the output
information when t = 0, 1, · · · , Tmin is accessible during
each iteration of the learning process. However, the

output information can only be partially obtained when
t = Tmin + 1, . . . , Tmax. That is, there is a missing
iteration batch length in the interval {Tk + 1, . . . , Tmax},
and the system is unable to update the output information.
Therefore, in the interval where iteration batch length is
missing, correct output information cannot be obtained.
Only the data prior to the missing iteration can be updated
through iterative learning.

Traditional ILC relies on tracking errors throughout
the entire iteration cycle to update control signals. When
batch lengths vary randomly, shorter batches truncate the
error signal, resulting in loss of high-frequency or terminal
tracking information. Discarding this incomplete data
directly reduces learning efficiency; using incomplete data
for updates may introduce erroneous correction signals.

2.3. Problem description. The multi-agent system
designed in this paper is modeled so that each agent is
assumed to satisfy the following dynamic model:

yi,k(t) = fi[yi,k(t− 1), · · · yi,k(t− ny),

ui,k(t− 1), · · ·ui,k(t− nu)].
(1)

In this formulation, k is defined as the number of
iterations, t ∈ [Tmin, Tmax], ui,k(t) and yi,k(t) are
denoted as the input and output of agent i at the k-th
iteration, fi(·) is represented as an unknown nonlinear
function, while nu and ny are considered to denote the
unknown orders of ui(·) and yi(·). The desired trajectory
of the given multi-agent system is denoted by yd(t). When
the iteration time length is incomplete, the tracking error
is represented as ei,k(t) = yd(t) − yi,k(t) within the
time interval prior to Tk. After Tk, the trajectory satisfies
ei,k(t) = 0. Therefore, the tracking error can be expressed
as

e∗i,k(t) =

{
ei,k(t), 0 ≤ t ≤ Tk,

0, t > Tk.
(2)

The consensus error of the system is given as

ξ∗i,k(t) =
∑

j∈Ni

aij
(
y∗j,k(t)− y∗i,k(t)

)

+ si
(
yd(t)− y∗i,k(t)

)
,

(3)

where aij is defined as the weight between agents, If the
agent is connected to the leader, then si>0; otherwise,
si = 0. Also, y∗k,i(t) is defined as the output under
randomly varying iteration batches.

3. Design of iterative learning control with
neural networks

In general research, dynamic linearization techniques are
typically employed to transform nonlinear systems into
linear time-varying systems. Here, the compact form
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dynamic linearization (CFDL) method is employed. It
is assumed that, for each agent i, at every time step t of
each k-th iteration, there exists a pseudo-partial derivative
φi,k(t) (PPD) such that the system satisfies

Δyi,k(t+ 1) = φi,k(t)Δui,k(t), (4)

where� yi,k(t+1) = yi,k(t+1)−yi,k(t) and � ui,k(t) =
ui,k(t)−ui,k(t−1). This assumption requires the system
to be generalized Lipschitz.

Since the pseudo-partial derivative φi,k(t) is
unknown and may vary with each iteration, an RBF
neural network (RBFNN) is used to estimate this value
online. The output of the RBFNN is considered to be

φ̂i,k(t) = ωT
i,k(t)h[zi,k(t)], (5)

where φ̂i,k(t) is the estimated value of the pseudo-partial
derivative φi,k(t), ωi,k(t) is the weight vector, h(·) is
the output vector of the hidden layer, with h[zi,k(t)] =

exp(− ‖z−α‖2

2r2 ), α is the center vector, and r is the width.
Additionally, zi,k(t) = [yi,k(t), yi,k(t − 1), · · · yi,k(t −
ny + 1), ui,k(t − 1), ui,k(t − 2), · · ·ui,k(t − nu + 1)],
which represents the input layer in the RBFNN.

In this paper, the gradient descent method is
employed to update the neural network weights, with the
objective of minimizing the estimation error:

J(ωi,k(t))

=
1

2

(
yi,k(t+ 1)− yi,k(t)− φ̂i,k(t)Δui,k(t)

)2
, (6)

where φ̂i,k(t) and � ui,k(t) do not depend on the weights
ωi,k(t), and are considered constants when computing the
gradient. The parameters are set to ∂yi,k(t)

∂ωi,k
= h[zi,k(t)] �

ui,k(t) and ∂yi,k(t+1)
∂ωi,k

≈ 0.

Remark 1. Since the weights Wi,k(t) have not yet been
updated, yi,k(t+1) may be predicted based on the current
weights, but its gradient is difficult to obtain accurately. In
the dynamic evolution of the system, the primary reliance
is on the information available at the current time step.

Therefore, the weight update rule is given by

ωi,k(t+ 1)

= ωi,k(t)− η
∂J

∂ωi,k

= ωi,k(t)− η
∂J

∂e
· ∂e

∂ωi,k

= ωi,k(t)− η
∂J

∂e
· ∂

∂ωi,k
(yi,k(t+ 1)− yi,k(t))

= ωi,k(t)− η
∂J

∂e
·
(
∂yi,k(t+ 1)

∂ωi,k
− ∂yi,k(t)

∂ωi,k

)

.

(7)

Considering iterative learning, the knowledge transfer
between weight update iterations is as follows:

ωi,k+1(0) = ωi,k(Tk), (8)

where λ > 0 is the weight factor used to limit the variation
of the control input.

The control objective function is represented by

J (ui,k (t)) =
1

2

(
ξ∗i,k (t+ 1)

)2
+

λ

2
(Δui,k (t))

2 . (9)

According to the dynamic linearization model, we have

ξ∗i,k(t+ 1) ≈ ξ∗i,k(t) +
∂ξ∗i,k(t+ 1)

∂ui,k(t)
Δui,k(t). (10)

Based on the consistency error (3), the following is
derived:

∂ξ∗i,k(t+ 1)

∂ui,k(t)
= −

⎛

⎝
∑

j∈Ni

aij + si

⎞

⎠ φ̂i,k(t). (11)

Remark 2. It is assumed here that the dependency of
the control input on the output variations of neighboring
agents is reflected through their respective PPDs.
However, for simplicity, the influence of neighboring
agents is primarily considered in terms of the agent’s own
control input, and it is assumed that the influence from
neighbors remains unchanged over short periods.

Therefore, let

∧
ξi,k(t+ 1) = ξ∗i,k(t)−

⎛

⎝
∑

j∈Ni

aij + si

⎞

⎠ φ̂i,k(t)Δui,k(t)

(12)
and

J (ui,k (t))

=
1

2

⎡

⎣ξ∗i,k (t)−
⎛

⎝
∑

j∈Ni

αij + si

⎞

⎠ φ̂i,k (t)Δui,k (t)

⎤

⎦

2

+
λ

2
(Δui,k (t))

2
. (13)

The optimal solution can be obtained by deriving the
extremum

∂J

∂Δu
= 0. (14)

Simplifying, the following is obtained:

Δui,k (t) =
ρ
(∑

j∈Ni
aij + si

)
φ̂i,k (t) ξ

∗
i,k (t)

λ+
(∑

j∈Ni
aij + si

)2
φ̂2
i,k (t)

. (15)

Therefore, the iterative learning control law is given by

ui,k(t) = ui,k(t− 1)

+
ρ
(∑

j∈Ni
aij + si

)
φ̂i,k(t)ξ

∗
i,k(t)

λ+
(∑

j∈Ni
aij + si

)2
φ̂2
i,k(t)

.
(16)
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4. Convergence analysis
To analyze the convergence of the system, the following
assumptions are given.

Assumption 1. The PPD is bounded and its sign remains
unchanged:

0 < φmin ≤ |φi,k(t)| ≤ φmax.

Assumption 2. There exists an ideal weight such that the
approximation error is bounded:

∣
∣
∣φi,k(t)− ω∗

i
Th(zi,k(t))

∣
∣
∣ ≤ εmax.

Assumption 3. The radial basis function is bounded:

0 < hmin ≤ |h(·)| ≤ hmax.

Assumption 4. The weight update law is bounded:

|ωi,k(t)| ≤ ωmax.

Lemma 1. (Weight convergence) Under the weight up-
date law, the weight error ω̃i,k(t) = ω∗

i −ωi,k(t) satisfies

‖ω̃i,k(t+ 1)‖2

≤ ‖ω̃i,k(t)‖2 − 2ηδi,k(t)Δui,k(t)h
T ω̃i,k(t)

+ η2δ2i,k(t)‖h‖2 (Δui,k(t))
2
, (17)

where

δi,k(t) = yi,k(t+ 1)− yi,k(t)− φ̂i,k(t) � ui,k(t).

Proof. From the weight update law (7), it follows that

ω̃i,k(t+ 1) = ω̃i,k(t) + ηδi,k(t)Δui,k(t)h
TΔui,k(t).

(18)
Taking the squared norm of both sides, it follows that

‖ω̃i,k(t+ 1)‖2 = ‖ω̃i,k(t)‖2 + 2ηδi,k(t)Δui,k(t)h
T ω̃i,k(t)

+ η2δ2i,k(t)‖h‖2 (Δui,k(t))
2 . (19)

Since ηδi,k(t)h � ui,k(t) ≤ 0, (19) follows from (17) and
the proof is completed. �

Lemma 2. (Boundedness of the estimation error) The
PPD estimation error satisfies

|δi,k (t)| ≤ εmax |Δui,k (t)|+ κ |ω̃i,k (t)| , (20)

where κ = hmaxφmax.

Proof. From the PPD estimation error δi,k(t), it follows
that

δi,k(t) = yi,k(t+ 1)− yi,k(t)− φ̂i,k(t)Δui,k(t)

= Δyi,k(t+ 1)− φ̂i,k(t)Δui,k(t)

= φi,k(t)Δui,k(t)− φ̂i,k(t)Δui,k(t)

=
[
φi,k(t)− φ̂i,k(t)

]
Δui,k(t).

(21)

�
From Assumption 1, we have

φi,k (t) = ω∗T
i h(zi,k (t)) + εi,k (t) , |εi,k (t)| ≤ εmax,

(22)
where εi,k(t) is the approximation error of the RBFNN. It
then follows that

φi,k(t)− φ̂i,k(t) = ω̃i,k(t)h (zi,k (t)) + εi,k (t) . (23)

Substituting into (21), we obtain

δi,k(t) = [ω̃i,k(t)h (zi,k(t)) + εi,k(t)] Δui,k(t). (24)

Taking the absolute value of (24), it follows that

|δi,k(t)| ≤ [|ω̃i,k(t)h (zi,k(t))|+ |εi,k(t)|] |Δui,k(t)| .
(25)

From Assumption 2 and 3, we have

|δi,k(t)| ≤ (|ω̃i,k(t)|hmax + εmax) |Δui,k(t)| . (26)

Expanding, it follows that

|δi,k(t)| ≤ εmax |Δui,k(t)|+ hmax |ω̃i,k(t)| |Δui,k(t)| .
(27)

According to Assumption 1, it is known that there
exists φh(max) such that |� ui,k(t)| ≤ c · φh(max). A
constant κ = hmaxφh(max) is defined, and Lemma 2 is
proven.

Theorem 1. Under Assumptions 1–4, if the parameters
satisfy

0 < η <
2

κ2Δu2
max

, λ > 0 , 0 < ρ < 2,

then
lim
k→∞

sup
t∈[0,tmin]

∣
∣ξ∗i,k(t)

∣
∣ = 0.

Proof. From the consistency error (3), it can be obtained
that

ξ∗i,k (t+ 1) =
∑

j∈Ni

aij
(
y∗j,k (t+ 1)− y∗i,k (t+ 1)

)

+ si
(
yd (t+ 1)− y∗i,k (t+ 1)

)
. (28)
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Substituting into (4), we obtain

ξ∗i,k(t+ 1) = ξ∗i,k(t)− diφi,k(t)Δui,k(t)

+
∑

j∈Ni

αijφi,k(t)Δui,k(t) + siyd(t+ 1),

(29)

where di =
∑

j∈Ni
aij + si. From (15), we have

ξ∗i,k(t+1) =

[

1− ρd2i φ̂
2
i,k(t)

λ+ d2i φ̂
2
i,k(t)

]

ξ∗i,k(t)+ζi,k(t), (30)

where ζi,k(t) =
∑

j∈Ni
αijφi,k(t)Δui,k(t)+siyd(t+1).

�

Let αi,k(t) = 1 − ρd2
i φ̂

2
i,k(t)

λ+d2
i φ̂

2
i,k(t)

. From Assumption 1

and the boundedness of φi,k(t), we have

d2iφ
2
min

λ+ d2iφ
2
max

≤
∣
∣
∣
∣
∣

d2i φ̂
2
i,k(t)

λ+ d2i φ̂
2
i,k(t)

∣
∣
∣
∣
∣
≤ d2iφ

2
max

λ
. (31)

Taking ρ ∈ (0, 2), it follows that

|αi,k(t)| =
∣
∣
∣
∣
∣
1− ρ

d2i φ̂
2
i,k(t)

λ+ d2i φ̂
2
i,k(t)

∣
∣
∣
∣
∣
≤ 1−Υ < 1, (32)

where Υ = min
(
ρ

d2
iφ

2
min

λ+d2
iφ

2
max

, 2− ρ
d2
iφ

2
max

λ

)
> 0.

The Lyapunov function on the time axis is taken as

Vt =

N∑

i=1

(
ξ∗i,k(t)

)2
. (33)

From (30) to (32), it follows that
∣
∣ξ∗i,k(t+ 1)

∣
∣ ≤ (1−Υ)

∣
∣ξ∗i,k(t)

∣
∣+ |ζi,k(t)| . (34)

Squaring both sides of (34), we have
(
ξ∗i,k(t+ 1)

)2 ≤ (1 −Υ)2(ξ∗i,k(t))
2

+ 2(1−Υ)
∣
∣ξ∗i,k(t)

∣
∣ |ζi,k(t)|

+ ζ2i,k(t). (35)

Taking the sum of both sides of (35), it follows that

Vt+1 ≤ (1−Υ)2Vt + 2(1−Υ)

×
N∑

i=1

∣
∣ξ∗i,k(t)

∣
∣ |ζi,k(t)|+

N∑

i=1

ζ2i,k(t),
(36)

where |ζi,k(t)| ≤ aφmaxΔumax + sΔyd,max = ζ ,ā =
max

∑

j∈Ni

aij ,s̄ = max si.

By the Cauchy–Schwarz inequality, we have

N∑

i=1

∣
∣ξ∗i,k(t)

∣
∣ |ζi,k(t)| ≤

√
Vt

√
Nζ. (37)

Substituting into (36), we obtain

Vt+1 ≤ (1−Υ)2Vt +2(1−Υ)
√
N
√
Vtζ +N ζ

2
. (38)

The Lyapunov function on the iteration axis is

Vk =

tmax∑

t=0

Vt =

tmax∑

t=0

N∑

i=1

(
ξ∗i,k(t)

)2
. (39)

Taking the sum of (36) from t = 0 to t = tmax, it follows
that

tmax∑

t=0

Vt+1 ≤ (1−Υ)2
tmax∑

t=0

Vt

+ 2(1−Υ)

tmax∑

t=0

N∑

i=1

∣
∣ξ∗i,k(t)

∣
∣ |ζi,k(t)|

+

tmax∑

t=0

N∑

i=1

ζ2i,k(t). (40)

From (37), we have

tmax∑

t=0

N∑

i=1

∣
∣ξ∗i,k(t)

∣
∣ |ζi,k(t)| ≤

√
Nζ

tmax∑

t=0

√
Vt. (41)

Let Sk =
tmax∑

t=0
Vt. By the Cauchy–Schwarz inequality, it

follows that
(

tmax∑

t=0

√
Vt

)2

≤
(

tmax∑

t=0

1

)(
tmax∑

t=0

Vt

)

≤ (tmax + 1)Sk,

(42)
thus

tmax∑

t=0

√
Vt ≤

√
(tmax + 1)Sk. (43)

It can be obtained that

2(1−Υ)
n∑

i=1

∣
∣ξ∗i,k(t)

∣
∣ |ζi,k(t)|

≤ 2(1−Υ)
√
Nζ
√
(tmax + 1)Sk. (44)

Similarly, we have

tmax∑

t=0

N∑

i=1

ζ2i,k(t) ≤
tmax∑

t=0

Nζ
2
= Nζ

2
(tmax + 1). (45)

By combining (44) and (45), (40) can be rewritten as

tmax∑

t=0

Vt+1 ≤ (1−Υ)2
tmax∑

t=0

Vt

+ 2(1−Υ)
√
N ζ

√
(tmax + 1)Sk

+Nζ
2
(tmax + 1). (46)
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It further follows that

Sk ≤ Nζ(tmax + 1)

Υ(1−Υ)
+ δk, (47)

where δk represents the disturbance term.
The Lyapunov function for the weight error update is

constructed as

Wk =
N∑

i=1

tk∑

t=0

‖ωi,k(t)‖2 . (48)

Considering adjacent iterations

Wk+1 =

N∑

i=1

tk+1∑

t=0

‖ω̃i,k+1(t)‖2

=
N∑

i=1

tk∑

t=0

‖ω̃i,k+1(t)‖2

+

N∑

i=1

tk+1∑

t=tk+1

‖ω̃i,k+1(t)‖2 ,

(49)

from (8), it can be obtained that
N∑

i=1

tk∑

t=0

‖ω̃i,k+1(t)‖2 =

N∑

i=1

tk∑

t=tk

‖ω̃i,k(t)‖2 , (50)

Wk+1 ≤ μWk + εk
(w), (51)

where μ < 1,Ek is an infinitesimal quantity. It is
recursively derived that

Wk ≤ μk
wW0 +

k−1∑

j=0

μj
wε

(w)
k−j . (52)

When Ek → 0, Wk converges.
The global Lyapunov function is constructed as

Lk = Vk +
1

η
Wk, (53)

so
Lk+1 = μLk + εk, (54)

where

μ = max

(

1− Υ

2
, μw

)

< 1,

εk = c1ε
2
max + c2

N∑

i=1

‖ω∗
i − ωi,k (0)‖2 ,

while c1 and c2 are constants. By Banach fixed-point
theorem (also known as the contraction mapping
principle), it follows that

Lk ≤ μkL0 +
ε

1− μ

(

ε = sup
k

εk

)

(55)

when k → ∞, lim
k→∞

Lk = 0 ⇒ lim
k→∞

Vk = 0,

lim
k→∞

tmax∑

t=0

N∑

i=1

(ξ∗i,k(t))
2 = 0.

�

� �

� �

Fig. 1. System communication topology.
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Fig. 2. Distribution of randomly varying iteration batches.

5. Simulation
Simulation studies are conducted in this section to validate
the obtained results. A multi-agent system composed
of four followers and one virtual leader is considered,
with its communication topology illustrated in Fig. 1.
The virtual leader is labeled as 0 and the followers are
numbered 1–4. As observed from the communication
topology, only followers 1 and 4 can directly receive
information from virtual leader 0. Consequently, it can
be concluded that

A =

⎡

⎢
⎢
⎣

0 1 0 1
1 0 1 0
0 1 0 1
1 0 1 0

⎤

⎥
⎥
⎦ ,

D =

⎡

⎢
⎢
⎣

1 0 0 0
0 0 0 0
0 0 0 0
0 0 0 1

⎤

⎥
⎥
⎦ ,
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Fig. 3. Output component 1 of agents at the 50th iteration.
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Fig. 4. Output component 2 of agents at the 50th iteration.
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Fig. 5. Output component 1 of agents at the 150th iteration.

so

L = D −A =

⎡

⎢
⎢
⎣

1 −1 0 −1
−1 0 −1 0
0 −1 0 −1
−1 0 −1 1

⎤

⎥
⎥
⎦ .

The systems are given as follows:

[
x1(t+ 1)
x2(t+ 1)

]

=

⎡

⎣

1
2 cosx1(t) +

1
5x2(t)

− 1
10 sinx2(t)

⎤

⎦

+

[
1 1.5
1 −1

] [
u1(t)
u2(t)

]

,

[
y1(t)
y2(t)

]

=

[
1 1
2 −1

] [
x1(t)
x2(t)

]

.

Similarly to the findings of Xiong and Hou (2022),
these coefficient matrices solely provide the input-output
data of the system. Consider the desired trajectory of
virtual leader 0 as

yd(t) =

[
t+ 2 sin t

t+ 2 cos 2t− 2

]

,

t ∈ [0, 5],ts = 0.1. For convenience of analysis, the
initial states and the control inputs of all four agents are
set as x0 =

[
0, 0
]T and u0 =

[
0, 0
]T . The iteration batch

length varies randomly between Tmin = 3 and Tmax = 5.
Moreover, α = 0,r = 1, η = 0.5, ρ = 0.4, λ = 0.1.

Figure 2 shows the distribution of randomly varying
iteration batches with iteration counts. It can be observed
that the iteration batch length exhibits randomness during
each iteration.

Figures 3 and 4 show the comparisons between the
two output components of the four agents and the desired
trajectory at the 50th iteration, while Figs. 5 and 6 present
the corresponding comparisons at the 150th iteration, and
Figs. 7 and 8 display those at the 400th iteration. It can
be observed that, as the number of iterations increases, the
outputs of all four agents gradually approach the desired
trajectory, achieving consensus control. Figures 9 and 10
illustrate the variations of the two input components of
the four agents with respect to the iteration count. It can
be observed that, as the number of iterations increases,
the inputs of all four agents tend to converge toward
consensus.

Figures 11 and 12 depict the variations of the two
state components of the four agents with respect to the
iteration count. It can be observed that, as the number of
iterations increases, the states of all four agents tend to
converge toward consensus.

Figures 13 and 14 show the variations of the two
error components of the four agents with respect to
the iteration count. It can be observed that, as the
number of iterations increases, the errors of all four agents
asymptotically approach zero, achieving stability.
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Fig. 6. Output component 2 of agents at the 150th iteration.
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Fig. 7. Output component 2 of agents at the 400th iteration.
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Fig. 8. Output component 2 of agents at the 400th iteration.
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Fig. 9. Variation of the agent’s input component 1.
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Fig. 10. Variation of the agent’s input component 2.
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Fig. 11. Variation of the agent’s state component 1.
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Fig. 12. Variation of the agent’s state component 2.
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Fig. 13. Variation of the agent’s error component 1.
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Fig. 14. Variation of the agent’s error component 2.

6. Conclusion
Based on neural networks, this paper addressed the
scenario where iteration batch lengths in multi-agent
systems vary randomly with iteration counts. A fault
model for missing iteration batches subject to random
probability distributions was designed. Also, a novel
data-driven adaptive iterative learning consensus control
algorithm was proposed. The stability analysis of
the system was rigorously conducted using Lyapunov
functions, and sufficient conditions for consensus in
multi-agent systems were derived through relevant
mathematical deductions, ensuring that state consensus
can still be achieved despite a missing iteration.
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